Abstract
Introduction
Epilepsy is a chronic disorder characterized by recurrent seizures, which may vary from muscle jerks to severe convulsions [1] . Estimated 1% of world population suffers from epilepsy, while 85% of them live in the developing countries. There are about 0.06% patients of the world suffer from epilepsy in Korea and around 30% of them remains untreated. If proper treatments are provided, about 75% of epilepsy patients can lead normal lives. In clinical neurological practice, detection of abnormal EEG activity plays an important role in the diagnosis of epilepsy [2] . It is generally accepted that epileptic spikes (often called as "epileptiform"), a kind of transient waveforms present in human EEG, have a high correlation with seizure occurrence. Therefore, detection of epileptiform in the EEG plays a key role in the diagnosis of the disease.
For the past several decades, engineers have developed efficient techniques which help them identify episodes of abnormal signal components, including the epileptiforms. These methods can directly employ use of the EEG data or may involve transformations (Fourier or wavelet analysis). Early attempts at identifying seizures used the EEG data directly [3] . These attempts met with some success, but more subtle seizures and those associated with a noisy signal were often missed. More recently, more sophisticated algorithms have been used, yielding increasingly accurate results. For instance the visual inspection of wavelet-transformed EEG from an epileptic patient was used in [4] , where Daubechies wavelet decomposition was found superior to the short-time Fourier transform for its ability to localize and identify the transient signals associated with epileptic discharges. Besides there is extensive literature concerning the use of wavelet transformations in EEG spike detection. In addition to the available techniques, we propose a new method that increases the accuracy in detection of ictal epileptiforms. We examined the EEG data with four suitable mother wavelet functions to extract the epileptic features. These functions were chosen due to their high transient detection rates and their ability to reject false information, such as noise or muscle artefacts, in the signal. Simultaneously we employ thresholding method to further improve the feature extraction of the Advances in Information Sciences and Service Sciences Volume 2, Number 2, June 2010 method. It's expected that our method can attain higher performance in detecting characteristic waves of EEG than other conventional methods. The proposed work must, therefore, be useful to reduce doctors' workload and realize quantitative diagnosis of EEG.
The methodology
The flowchart of the proposed methodology is illustrated in figure 1 . The method consists of three major steps, first preprocessing of EEG signal and applying wavelet transforms followed by Thresholding of wavelet coefficients. 
EEG data
Four generalized tonic-clonic seizures from epileptic patients were analyzed. These patients were admitted to the epilepsy monitoring unit with diagnosis of epilepsy and no other accompanying disorders. The antiepileptic drugs were gradually tapered after admission. Ictal electro-clinical findings were compared with those obtained from inter-ictal EEGs. The scalp electrodes were applied according to the 10-20 international system. Each signal was digitized at 409.6 Hz through a 12 bit A/D converter and filtered with an "antialiasing" eight pole lowpass Bessel filter with a cutoff frequency of 50 Hz.
Wavelet Transforms
Wavelet analysis methods have been used widely in the area of biomedical signal processing [5- 
The function ) (t f can be recovered from its wavelet transform by the reconstruction formula
The CWT possesses properties similar to properties of other linear transformations, such as linearity, shift property, localization property, energy conservation, and scaling property.
The CWT of a continuous EEG signal ( ) s t is defined as
To analyze a discrete-time EEG signal, interval to be integrated in Eq.3.5 is divided into small segments bounded at integers
The CWT procedure is usually redundant and not efficient for algorithm implementations. For us it is more practical to define the CWT only at discrete scales a and discrete times b . One way to achieve this, is by choosing the discrete set of parameters 
Replacing in eq. (3.5) we obtain the discrete wavelet family /2 , ( ) 2 (2 ) with , ,
that forms a basis of the Hilbert space 2 ( ) L R , and whose correlation with the signal is called dyadic wavelet transform. When using a wavelet transforms, one needs to find the appropriate wavelet mother functions that are suitable for the signal of interest and provide the strong resemblance index [8] . It captures and extracts the signal representation in more exact coefficients that provide further decision making accuracy. Therefore, we need to answer a question considering the capability of wavelet transforms. The question we put forward is "How to choose the wavelet basis functions to be compared with the epileptic EEG signal?" In fact, the wavelet function should have a certain shape that we would like to localize in the original signal. Then, one condition for choosing the wavelet function is that it should look similar to the patterns of the original signal. Therefore our choice is based on the shape of the EEG waveforms to be detected in the signal. There four wavelet functions that we propose in our work. The first two wavelet basis functions are db2 and db5 which is a family of Daubechies wavelets. The other two wavelet basis functions are from the family of biorthogonal wavelets: bior1.3 and bior1. 5 . We found that the two biorthogonal wavelets match the intrinsic structure of epileptic spike types better than Daubechies wavelets, as their biphasic shape is reminiscent of epileptiform. It is therefore, expected that the biorthogonal wavelets provide a sparser representation of neural signal than db2 and db5, which together with its near symmetric variate was used by Oweiss et al [9] .
Wavelet thresholding for epileptic spike detection
Because the physiological signals such as ECG, EMG and EEG are contaminated with various types of noise, there is a need to develop an advanced filtering technique. Such embedded noise makes the analysis and diagnosis of brain disorders in EEG signals challenging and difficult in decision making. The types of noise can be categorized as physiological (respiration, ECG, EMG etc.) and non physiological interferences (electrodes, environment, and 60 Hz interference). Considering this concern, we adopted the use of wavelet denoising technique which was proposed by Donoho and Jonstone [10] [11] [12] . Their remarkably good wavelet denoising technique is based on calculating the noise level of wavelet coefficients and setting a threshold to accept the noise free wavelet coefficients. This technique produces relatively good results when applied to epileptic EEG signals. The proposed algorithm can be summarized as follows: Let ( ) s t the noise-free signal and x(t) the signal corrupted with white noise ( ) b t 1,...,
The algorithm can be described in three steps:
Wavelet transforms of noisy ECG signal following by thresholding the EEG wavelet coefficients and accepting the EEG waveforms that exceeded the threshold value. Donoho and Johnstone define the soft thresholding function that has been shown asymptotically near optimal for wide class of signal corrupted by additive white Gaussian noise.
A 
Experimental results
We evaluated the proposed algorithm on the EEG time series corresponding to a tonicclonic seizure of an epileptic patient (see figure 2) . The recording included one minute of the EEG before seizure onset and two minutes which included the seizure and post seizure phases. All 3 minutes were analyzed by using proposed four mother wavelets. The seizure spreads making the analysis of the EEG more complicated due to muscle artifacts; however, it is possible to establish the beginning of the clonic phase at around second 85 and the end of the seizure at second 155 where there is an abrupt decay of the signal. The presence of noise, however, may obscure the important epileptic transient information from the EEG during seizure. following by post seizure periods. If we can find any activities during the pre-seizure epoch (some seconds before the seizure evolves) then the seizure attack can be predicted allowing the doctor to take necessary actions. Next, the best basis wavelet functions were chosen for performing the detection of transients from the seizure data. We divide the signal into epochs so that we can analyze the signal in detail. As the first step we employ wavelet function to analyze the first segment of the EEG signal. This segment gives us the pre-seizure activity of the brain and it last about 80 seconds. We should note that the clear detection of any epileptiforms in this period is foremost important which allows predicting the seizure attack. The procedure for applying wavelet technique consists of three stages as explained above, first data selection, second computing the wavelet coefficients using the best basis function, finally the thresholding to the wavelet coefficients at each scales. As the result we make decisions about the presence of epileptic spikes.
In the analysis of the signal we demonstrate the ability of bior1.5 function to detect epileptiforms in the pre-seizure epoch of the signal lasting from 0 to 110 sec. The main goal is to find any pre-seizure brain activity in this segment. There is the possibility for some abnormal spike evolution presence, which can be considered as an alarm before seizure attack. Figure 3 shows the extracted wavelet coefficients (b) from the first epoch of seizure (a) using bior1.5. Thus, the resulted figure shows the detected spikes and its time localization. The first seizure like spike was detected around 28 seconds. As you can see the time scale representation reveals us the epileptic spikes at low frequencies and separate it from the noise embedded in the signal. In the following timestamps we found the another spiky seizure activity acts around 78 second ,following at 84 second and till the 110 seconds. The importance of using bior1.5 wavelet is its better performance that shows best match with the intrinsic structures of the epileptic spikes. We evaluated each proposed wavelet function and we will summarize the detection performance for each function later in this section. Following, we analyze the signal segment in detail in order to illustrate the wavelet detection method and the importance of dyadic scaling. In figure4 we selected signal segment from the pre-seizure epoch then we applied db5 wavelet function and the proposed thresholding method. This segment belongs to the period before the seizure attack at 60 to 80 second from the analyzed signal. We can clearly see the pure detected epileptiforms in (b) plane of the figure at different scales and combined together.
A The combination of the scales into one gives us the increased detection of true positive signals. The scales at lower coefficients miss some important characteristic points of the corresponding EEG signal. In this purpose we made the analysis and comparison of the performance of the wavelets at different scales. This study is summarized in figure 5 for the overall detection accuracy of four wavelet functions at scales 2 4, 6 8 10 { , , , } a a a a a accordingly. We can notice that the choice of wavelet coefficient from scales 6 8 { , } a a provide better accuracy than the other scales. The details for overall highest detection accuracy was obtained using biorthogonal wavelet functions with 96-96% at scale 6 and 93-98% at 8. Likewise at scales 6 8 { , } a a the Daubechies wavelet functions, db2 and db5, produced a smaller outcome with 92-91% and 90 -93.5% than biorthogonal wavelet functions. We analyze the details of performance at other scales. For example scale 2 { ,} a provided us the smallest outcome and the reason for that at this scale the wavelet function is stretched at the most value. Thus it misses slow frequency contents of the signal by only representing the highest values. Similarly, when the wavelet function is stretched less and compared with the original content of the signal it captures spike discharges relatively well than at scale 2. We can say that wavelet function represents the best similarity measure with analyzed epileptiforms at scales 6 8 { , } a a . In summary by the analysis of the detection performance from each three scales we found that the choice of scale 6 8 { , } a a wavelet coefficients yields good results.
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The figure 6 (a) shows the full EEG time series corresponding to a tonic-clonic seizure of an epileptic patient. In this section we applied wavelet transform by using bior1.5 as a mother wavelet. By visual inspection we can see the seizure start time, as mentioned above around 130 sec, and we can see other neural transients which resemble sharp epileptic spike activity. The end of the seizure is also visible in the analyzed EEG data. The results of the wavelet transform in (b) shows the pure wavelet coefficients and these lines shows the pure extracted epileptic spikes. It is obvious that the other normal spikes were discarded because we are interested in only epileptiforms. The first EEG epoch shows us the timestamps between 0 to 80 seconds (until the dashed line). One can see that in the time scale representation nothing can be seen as detected, accordingly we are looking for the first abnormal spiky like forms prior to the seizure attack. In the second epoch from 80 sec to 93 sec we found the first neural spikes. By visual inspection it is quite seen, however it is impossible to accurately identify the transient arrival time. We detected in this segment a few spikes that can be considered as the seizure triggering ones at time 85sec to 90. The following epoch from 93 to 140 seconds we can see the derived seizure action potentials and their time localizations. Summing up the results we found these families of wavelet transforms demonstrated the best correlation of their shapes with epileptiforms in EEG. We showed that these mother wavelets are best for detecting spikes in noisy recorded EEG data and estimating epileptic event time occurrences. 
Conclusion
We demonstrated a feasibility of our wavelet method as a simple but robust tool for detection of ictal and interictal seizures patterns. The proposed method can be used more efficiently in seizure detection in comparison to the conventional methods which are mainly based on discrete wavelet transformations. It was proved that selecting a mother wavelet that matches the shape or frequency characteristics of epileptic events plays important rule to get higher detection accuracy. Moreover, the detector operating characteristics of various wavelets for seizure detection can be studied in detail. Thus the suitable wavelets can be used for better detection accuracy in epileptic transient determination. We summarize that the clinical use of the algorithm will be beneficial to support the visual analysis of physicians to identify the epileptic EEG events for time event localization.
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